-values for intermediately-common species were higher than for common species,
5
but highly variable among rare ones. Models for 50 species reached R 2 of 0.2 -0.70 and were tested 6 with a separate set of samples and applied to unsampled wadeable reaches to show the population 7 hotspots of each species across the state. Furthermore, we evaluated the importance of individual 8 environmental variables to a given fish species as well as the directional responses of each species to top 9 10 key predictors. Climate and land-use were the best predictors for most species, followed by 10 topography, geology, and soil permeability. Spatial connection of a stream also was associated with a 11 large number of species. These findings improved our understanding of the relationships between fish D r a f t Introduction D r a f t 3 studies were restricted to a single river basin or a region defined for the specific purpose of a project.
51
However, many conservation, restoration, and environmental programs are established and managed
52
by a jurisdictional entity, such as a state in the US. For many of these programs there is a clear benefit to 53 use the boundaries of a state or province as the spatial extent in modeling.
54
In the present study, we attempted to fill some of the knowledge gaps by developing and applying
55
abundance models for a large number of fish species, including most common ones in wadeable streams 56 were sampled in the past (IL-EPA 1996) .
77
At each sampling site in a wadeable stream, a stream segment of 20 channel-widths (no less than 78 100m and no more than 300m) was selected for sampling with one-pass electro-seining (9.14m), a
79
highly effective method developed and used in Illinois since the 1960s (Bayley et al. 1989) , or backpack 80 electrofisher in small streams (IL-DNR 2010 
130
(Appendix 2). All these types of environmental variables were shown to be important at least for some 131 species (e.g., Wang et al. 2000; Alan 2004; Smith et al. 2010; Stoll et al. 2014) .
133

Model calibrations
134
Abundance of a species is often associated with high sampling variability and this variability 135 increases with the mean (Gaston and McArdle 1994) . To reduce the effects of sampling variability, we 136 transformed the raw data with log(x+1) for all species. We examined the number of sites where a
137
species was recorded, and excluded species occurring at ≤10 sites for modeling. 
141
This method also appears robust to overfitting (Breiman 2001) 
189
We took two step to identify small wadeable streams to which our models can be applied. 
195
The models that explain meaningful amounts of variance (R 2 > 0.2 in our case) were applied to all 
198
Species-specific abundance classes, four for abundant species and three for less abundant ones, 
214
We built RF abundance models for 97 species recorded at ≥10 sites based on 2-8 environmental performance with which we considered a model to be useful in this study.
220
We applied the RF models of the 50 species to all wadeable stream reaches across the state. After 
226
The CV of abundance predictions across 10 replicate models for the six example species were all low, 
247
We then grouped the top 10 environmental predictors into 7 major categories and assessed the 248 overall effects of each category on specific species ( 
295
In summary, climate appeared to be the most important for stream fish species in the study area,
296
followed by land-use, stream topography, geology, and soil permeability. 
360
For either resource management or inferences of fish-environment relationships, the utilities of 361 species models depend on model performance. R 2 -values were low for many rare species (Fig. 2) . Most
362
of those species typically occur in large rivers/streams, only sporadically in small wadeable streams (e.g.,
363
river shiner, yellow bass, and black buffalo), and a weak association with stream environment variables 364 is thus expected. In comparison, those well-fitted rare species often occur in wadeable streams of 365 restricted areas (e.g., Ozark minnow, bigeye shiner, and common shiner). Therefore, rarity per se does 366 not appear necessarily related to model performance. Extremely common species also had poor fits in 367 this study (Fig 2) , probably because some important local habitat variables or biological processes (e.g., 
371
Prediction uncertainty, an important issue in species modeling, can be affected by multiple sources
372
(Beale and Lennon 2012). The uncertainty associated with modeling per se in the present study 373 appeared to be minor (CV < 0.1). However, the overall prediction accuracy was not high in the validation
374
(i.e., low correlation r, Table 2 ). One possible explanation is that all the validation sites used were in a 375 single river basin, but the models were built to achieve a state-wide statistical optimum. A more 376 probable explanation is that our modeling did not consider replicate variability and seasonal and inter-377 annual variation, all of which can be substantial (Grossman et al. 1990; Peterson and Rabeni 1995) .
378
Incorporating local habitat variables and weather conditions in the sampling year into modeling could 379 improve model accuracy, but constrain model applicability.
380
To ensure the applicability of models to unsampled streams reaches, we also had to exclude several 381 other environmental factors which are known to be important to fish abundance, a step that may 382 contributed to the low R 2 for many species models. Among these factors are water quality and flow D r a f t Table 1 . Random-forests regression models for 97 fish species that were recorded at >10 reaches in small wadeable streams (≤18m) in Illinois, USA, and the importance of different types of environmental variables for 50 species with R 2 ≥ 0.2, measured with the number of variables ranking a type in the top 10 predictors and the highest rank (in parentheses) (N = number of sites where a species was recorded; mtry = the number of variables used for a split, Clim = climate, Con = connection, LU = land use, SS = stream size, Soil = soil permeability, Geo= geology, Top = topography, also see Appendix 2). Table 2 . Twenty-eight fish species recorded in ≥ 5 reaches collected from Kaskaskia River Basin, Illinois, and the Spearman correlations between their observed (Obs) and predicted abundances (log-transformed) (Pred) (N = number of samples where a species was recorded, average = number of individuals per sample, SD = standard deviation, * p < 0.05). 
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